With the increasing scarcity of spectrum resources in satellite and terrestrial communications, spectrum sharing becomes a promising option. In this paper, we investigate the spectrum access and power control problem in multibeam-based cognitive satellite communication network. Differ from the most existing spectrum access problems in terrestrial networks, we consider not only the interference between cognitive users, but also the co-channel interference from multi-beam satellite communication system to cognitive users. We formulate a spectrum access and power control game, and it is proved to be an ordinal potential game. The sufficient conditions for cognitive users not to interfere with each other are given, and the upper bound of the aggregation interference experienced by all cognitive users is deduced theoretically. Then, based on the trial and error (TE) algorithm, we propose a learning-based distributed spectrum access algorithm, which statistically converges to the best Nash equilibrium(NE). Furthermore, to simplify the coefficients design and improve the convergence performance, we propose an improved learning-based distributed spectrum access algorithm. Simulation results show that the average network throughput of the proposed game is close to the best, which validates the game-theoretic solution. Simulation results also show that the improved learning-based distributed spectrum access algorithm is superior to the original algorithm in terms of convergence speed, throughput performance, and practicability, which confirms the effectiveness of the improved algorithm.
I. INTRODUCTION
Satellite communications and terrestrial communications have made great progress in recent years. However, scarce spectrum resources are still the bottleneck restricting their adequate development due to the current spectrum segmentation and static frequency allocation policies. Cognitive radio has become a promising technology for solving the problem of spectrum scarcity, and has been widely studied in various fields, such as wireless network [1] , unmanned aerial vehicle (UAV) communication [2] , device-to-device communication [3] , [4] , vehicular communication [5] , wireless sensor network [6] . Unlike cognitive communication in terrestrial The associate editor coordinating the review of this manuscript and approving it for publication was Haipeng Yao . networks, cognitive satellite communications face many special challenges, such as wide beam coverage, large transmission delay, high power level, and space segment design.
In general, the technologies used in cognitive satellite communications mainly include spectrum sensing [7] , beam hopping [8] , shielding [9] , beacon signaling [10] and beam forming [11] , and so on. According to the application scenario, cognitive satellite communication mainly includes four categories: satellite communication users are secondary users [12] , [13] , terrestrial communication users are secondary users [14] , [15] , the satellite networks are used to extend the terrestrial networks [16] - [18] , and spectrum sharing between satellites [19] , [20] . In the first two categories, the secondary users may be satellite users or terrestrial users, while the primary users correspond to terrestrial users and satellite users, respectively. Secondary users may access the free spectrum that primary users don't use (interweave mode). They may also use the same frequencies with the primary users, but the interference to the primary users does not exceed a certain threshold (underlay mode). The use of satellite networks to expand terrestrial networks mainly refers to using satellite to provide access services to terrestrial cognitive users in areas without base station coverage in hybrid satellite-terrestrial networks. Spectrum sharing between satellites can be carried out between geostationary orbit satellites or between geostationary orbit satellites and low orbit satellites.
Most of the spectrum sharing in cognitive satellite communication systems work in the underlay mode [21] - [23] . Since the equipment at the satellite receiving side is very susceptible to interference, when working in the underlay mode, there needs a considerable protection distance between the primary satellite users and the terrestrial cognitive users [15] , [24] , which reduces the efficiency of spectrum sharing and is inconvenient to the users. Therefore, it has some advantages and practical significance to study the spectrum sharing of terrestrial communication and satellite communication under the interleave mode. To the best of our knowledge, few articles have examined the spectrum sharing between satellites and terrestrial users under the interweave mode. In [25] , the authors proposed a scheme for terrestrial cognitive users to share the downlink frequency of satellite communication in interweave mode. But they did not take into account the interaction between terrestrial cognitive users, which was not negligible in the spectrum access competition. In this paper, we consider not only the interference between cognitive users, but also the co-channel interference from multi-beam satellite communication system to cognitive users. Then, we solve it with game theory and learning technology.
In terrestrial communication systems, some papers have studied the problem of channel selection using game theory and learning algorithms [26] - [31] . In [26] , the author focused on the spectrum access strategy for Internet of Things (IoT) applications in cellular networks and cognitive radio-enabled low power wide area networks. In [27] , [28] , the author focused on the channel selection strategy in wireless canonical networks. In [29] , [30] , the anti-jamming channel selection problem for interference mitigation (IM) based dense wireless networks in dynamic environment was investigated. In [31] , the problem of database-assisted spectrum access in dynamic TV white spectrum networks was investigated. Compared to these works, the main differences in our work is that: i) Due to the interference between beams in the multi-beam satellite systems, terrestrial cognitive users not only interfere with each other, but also suffer from the interference from downlink signals of multi-beam satellites. ii) Detailed theoretical derivations are carried out, including the sufficient conditions of non-interference between cognitive users and the upper bound of aggregation interference experienced by all the cognitive users. iii) Based on the TE algorithm, we propose a learning-based distributed spectrum access algorithm that can statistically converge to the best solution, while most of these works converge to general NE. Moreover, an improved learning-based distributed spectrum access algorithm is proposed to address the limitations of the original algorithm to determine coefficients based on many experiments or experiences. The improved algorithm also has faster convergence speed and throughput performance. The main contributions can be summarized as follows:
• We study spectrum access and power control problem in multi-beam based cognitive satellite systems. Differ from terrestrial network, cognitive users not only interfere with each other but also suffer from co-channel interference from multi-beam satellite communication system. We analyze the power control scheme and formulate the channel access problem as a non-cooperative game. Then, we prove that it is an ordinal potential game, which has at least a NE solution.
• Cognitive users are subject to co-channel interference from multi-beam satellite communication systems, which will result in the quality difference of the idle channels. Sufficient conditions for cognitive users to be free of interference with each other are given, which provides reference for other scenarios with different channel quality. Besides, the upper bound of the aggregation interference experienced by all cognitive users is deduced theoretically.
• To achieve the best NE under the condition of no central control and no information exchange, based on the TE algorithm, a learning-based distributed spectrum access algorithm is proposed. In view of the limitations of the original TE algorithm, we propose an improved TE algorithm and corresponding learningbased distributed spectrum access algorithm, which not only effectively solves the problem of coefficient setting, but also enhances the convergence performance of the algorithm. It is noteworthy that the improved TE algorithm can also apply to other practical scenarios.
• The simulation results show that the best NE is close to the optimal solution, which validates the effectiveness of the formulated game models. Besides, the solution of the improved distributed algorithm is close to the best NE, which also confirm the feasibility of the scheme.
The rest of this paper is organized as follows. In Section II, the system model of cognitive satellite communication network and problem formulation are presented. In section III, We formulate the Power control and channel access game and analysis some properties of its NE solution. A wholly distributed learning algorithm and the improved one are proposed to achieve the best NE statistically in section IV. Simulation results and discussions are provided in Section V. Finally, we conclude the paper in Selection VI. area. A frequency reuse scheme is adopted among beams, such as a four-color reuse scheme. The GEO satellite and its satellite earth stations are the PUs (primary users), and the terrestrial cognitive users are the SUs (secondary users). Note that, each cognitive user here corresponds to a communication link composed of a transmitter and a receiver, such as a cognitive access point (AP) and its service client [31] . The cognitive users acquire available idle frequency bands of the primary satellite users by spectrum sensing [7] or querying the local database [32] . Because there is no central controller and no information exchange, cognitive users compete with each other to access the available frequency bands in a distributed manner. Suppose that there are N cognitive users autonomously competing for M channels. The sets of cognitive users and the channels are denoted by N = {1 . . . N } and M = {1 . . . M }, respectively.
B. PROBLEM FORMULATION
With the spectrum availability information obtained from the database or by spectrum sensing, the user n selects the channel a n ∈ A n and power p n ∈ P n for data transmission, a −n ∈ A −n and p −n ∈ P −n denote the channel selection of terrestrial cognitive users excluding user n and the power selection of terrestrial cognitive users excluding n, respectively. Cognitive users are not only interfered by other cognitive users who compete for the same channel, but also by cochannel interference from downlink signals of other satellite beams. For any channel selection and power control profile (a n , a −n , p n , p −n ), the received Signal-to-Interference-plus-Noise Ratio(SINR) experienced by the cognitive n is determined by γ n (a n , a −n , p n , p −n ) = p n g nn i∈F n (a n )
where F n (a n ) represents the set of cognitive users who choose the same channel a n as user n, excluding cognitive user n itself. K n represents the set of satellite beams which will cause co-channel interference to cognitive user n, g nn is the channel gain from the transmitter of cognitive user n to its receiver, σ is the background noise. i∈F n (a n ) p i g in represents the aggregated interference received by cognitive user n from other cognitive users who choose the same channel a n . j∈K n p j g jn represents the co-channel interference caused by the downlink signals of other satellite beams to cognitive users n, which is independent of the power selection of user n. For this reason, we can also express it by j∈K n p j g jn = I (a n ), where I (a n ) is a function of channel selection of user n. Then SINR (1) can also be denoted by:
γ n (a n , a −n , p n , p −n ) = p n g nn i∈F n (a n )
Then, the achievable throughput of user n is given by R n (a n , a −n , p n , p −n ) = B log(1 + γ n (a n , a −n , p n , p −n )), (3) where B is the channel bandwidth. Therefore the optimization goal for each cognitive user is represented by P1 : max a n ∈A n ,p n ∈P R n (a n , a −n , p n , p −n )
where p max n is the maximum transmit power of user n. However, it is challenging to solve the aforementioned combinatorial optimization problem P1 for the following reasons: i) there is no control center for cognitive users, and ii) there is no information exchange between terrestrial cognitive users, which results in the user n not knowing the channel and power selected by other users. Based on the above analysis, centralized algorithms are not available, and we need to develop a distributed and learning-based approach to solve P1.
III. POTENTIAL GAME FORMULATION AND DISTRIBUTED LEARNING ALGORITHM
Since the players choose the channel and control the power distributively and autonomously, we can formulate the channel selection and power control problem as a noncooperative game. Formally, the game is denoted by G1 = N , {A n } n∈N , {P n } n∈N , {u n } n∈N , where N = {1 . . . .N } is the set of cognitive players, A n is the set of avilable channels for cognitive user n, P n is the set of avilable power for cognitive user n, and u n is the utility of player n, which is defined by: u n (a n , a −n , p n , p −n ) = R n (a n , a −n , p n , p −n ), ∀n ∈ N . (5) Each user tends to maximize its utility function, which means that the spectrum access and power control game can be formulated as:
G1
: max a n ∈A n ,p n ∈P u n (a n , a −n , p n , p −n )
Definition 1 (Nash Equilibrium): A channel selection and power control profile S * = S * 1 , . . . S * n is a pure strategy NE if and only no player can improve its utility by deviating unilaterally, i.e,
where s n ∈ S n is the joint strategy of player n, S n = A n ⊗P n , and s −n ∈ S 1 ⊗· · · S n−1 ⊗S n+1 ⊗· · · S N represents a strategy profile of all the players excluding n, where ⊗ denotes the Cartesian product.
Definition 2 (Ordinal Potential Game):
A game is an ordinal potential game (OPG) if and only if a potential function (S) : S 1 ⊗ · · · ⊗ S N → R exists such that, for all n ∈ N , all s n ∈ S n , and s n ∈ S n , the following holds:
That is, the change trend of utility function caused by any player's unilateral deviation is consistent with that of ordinal potential function.
Lemma 1: In the non-cooperative spectrum access and power control game G1, all the cognitive users will transmit with the maximum power at the NE point, if it exists.
Proof: The proof of Lemma 1 is straightforward. We prove it by contradiction. Assume the cognitive player does not transmit with the maximum power when at the NE point, i.e., a power level of p k satisfying 0 ≤ p k < p max k . Given other player strategies, it is noted that γ n is a monotonic increasing function of p n and so is R i . The selfish player is inclined to increase its power to yield a higher payoff until the maximum power is reached, which contradicts the assumption 0 ≤ p k < p max k . Thus at the NE point of the game, if it exists, all the players will operate at their maximum power p max k . Based on Lamma1, the non-cooperative spectrum access and power control game can be viewed as a simplified spectrum access game where each player transmits with the maximum power and only adjusts the frequency to maximize the throughput, which can be simplified as G2 : max a n ∈A n u n (a n , a −n ).
Theorem 1: The spectrum access game G2 in the scenario of cognitive satellite communication is an ordinal potential game.
Proof: To prove theorem 1, denote q n as q n (a n , a −n ) = p n I (a n ) + i∈F n (a n )
which can be regarded as the sum of the co-channel interference that user n experiences from downlink signals of other satellite beams and from other terrestrial cognitive users. First, we construct a potential function as
which is the aggregated co-channel interference that all cognitive users experience from each other and from downlink signals of other satellite beams. Then, we have ϕ(a n , a −n )
When user k ∈ N selects the same channel as user n, there will be interference between them, that is,
Which consequently leads to k =n,k∈N p n p k g nk = k∈F n (a n ) p n p k g nk = i∈F n (a n ) p n p i g ni .
Due to the symmetry of the channel gain g, we have i∈F n (a n ) p n p i g ni = i∈F n (a n )
Combining (14) and (15), we have k =n,k∈N p n p k g nk = i∈F n (a n )
According to (11) and (16), we can derive ϕ (a n , a −n ) = p n I (a n ) + i∈F n (a n )
where
Because Q (a −n ) is independent of player n's strategy, we can derive that ϕ(a n , a −n ) − ϕ(a n , a −n ) = p n I (a n )+ i∈F n (a n ) p i p n g in − p n I (a n ) − i∈F n (a n ) p i p n g in = q n (a n , a −n ) − q n (a n , a −n ).
Substituting (10) into (3), we can get u n (a n , a −n ) = B log 1 + p n g nn −q n (a n , a −n )/p n + σ .
Noted that log 1+p n g nn −x p n + σ increases monotonously with x, it follows that u n (a n , a −n ) − u n (a n , a −n ) × q n (a n , a −n ) − q n (a n , a −n ) ≥ 0 ∀a n , a n ∈ A n . (21) Based on (19) and (21), we can get u n (a n , a −n ) − u n (a n , a −n ) × ϕ n (a n , a −n ) − ϕ n (a n , a −n ) ≥ 0 ∀a n , a n ∈ A n . (22) According to the definition given in (8), it is known that G2 is an OPG with ϕ serving as the potential function, which proves Theorem 1. Moreover, there are two important properties of the ordinary potential game: i) every OPG has at least one pure strategy NE, ii) an action profile maximizing the ordinal potential function is also a pure strategy NE. According to the promising characteristics described above, aggregated interference between all cognitive users together with aggregated interference from the multi-beam satellite communication system to the cognitive users serve as the potential function, as specified by (11) . Therefore, it can be concluded that all pure NE point of the game minimizes aggregated interference between cognitive users together with integrated interference from the multi-beam satellite communication system to cognitive users.
Theorem 2: If the terrestrial cognitive users receive the same interference from the multi-beam satellite communication system on each available channel, i.e., I (1) = I (2) · · · = I (M ), in underloaded or equally loaded scenarios (N ≤ M ), each cognitive user will choose a different channel to communicate, i.e., all pure-strategy NE point lead to interference-free channel selection profiles between cognitive users.
Proof: We prove it by contradiction. Without loss of generality, we suppose that in the underloaded or equally loaded scenario, the cognitive user n ∈ N shares the same channel a * n ∈ A n with one or more cognitive users when reaching pure NE, and that a n ∈ A n is one of the arbitrary available channel unoccupied by any cognitive user. Obviously, for cognitive user n, the following inequality holds:
Under the assumption of I (1) = I (2) = . . . I (M ) and a n ∈ A n is the available channel that is unoccupied by any cognitive user, we have the following result: p n I a * n = p n I (a n ) = q n (a n , a −n ).
Then, combining (23) and (24), we have q n (a * n , a −n ) > p n I (a n ) = q n (a n , a −n ).
Due to the monotony of (20) which is aforementioned, we have
Therefore, to increase its own payoff, player n ∈ N will definitively choose the unoccupied channel. Thus, a * n ∈ A n is not the choice of user n when reaching the NE, which contradicts with the former assumption. Hence, we can conclude that when the premises are satisfied, all pure-strategy NE point lead to interference-free channel selection profiles between cognitive users.
Theorem 3: ∀n ∈ N , a n ∈ A n , if i∈F n (a n ) p i g in + I (a n ) ≥ max(I (1), I (2) · · · I (M )), in underloaded or equally loaded scenarios (N ≤ M ), all pure-strategy NE point lead to interference-free channel selection profiles between cognitive users.
Pooof: We prove it also by contradiction. Suppose that when the NE is achieved, cognitive user n ∈ N shares the same channel a * n ∈ A n with one or more cognitive users, and that a n ∈ A n is the available channel unoccupied by any cognitive users.
According to the hypothesis of theorem 3 and the monotony of (20), we have
Obviously, terrestrial cognitive user n will choose a better channel selection strategy a n ∈ A n instead of a * n ∈ A n , which contradicts with the former assumption. Hence, we can conclude that when the assumptions are satisfied, all purestrategy NE points lead to interference-free channel selection profiles between cognitive users. In other words, each user will select a different channel.
Intuitively, theorem 3 can also be understood in this way: When N ≤ M , if any cognitive user n ∈ N shares the same channel with one or more cognitive users, there must be one or more channels unoccupied by all the cognitive users. According to the hypothesis in the theorem 3, i∈F n (a n ) p i g in + I (a n ) ≥ max(I (1), I (2) · · · I (M )), it is easy to know that the aggregated interference on any unoccupied channel must be less than or equal to the aggregated interference on any occupied channel. No doubt, for any terrestrial cognitive user n ∈ N , it will choose the channel unoccupied by other cognitive users. This process proceeds for all the cognitive users until all the cognitive users have selected the channel only occupied by itself.
It is worth noting that according to the assumption I (1) = I (2) · · · = I (M ) in theorem 2, it can be easily deduced that max(I (1), I (2) · · · I (M )) − I (a n ) = 0, and then we have: i∈F n (a n ) p i g in + I (a n ) ≥ max(I (1), I (2) · · · I (M )), which obviously satisfy the assumption of theorem 3. Therefore, we could say that theorem 2 is a special case of theorem 3. In particular, if I (1) = I (2) · · · = I (M ) = 0, this indicates that the multi-beam satellite communication system will not cause co-channel interference to the terrestrial cognitive users, then each user will choose different channel under the assumption of N ≤ M , which is consistent with the conclusion in [33] .
Theorem 4: At the NE point, if terrestrial cognitive users do not occupy some idle channels, the co-channel interference form the downlink signals of multi-beam satellite system to the idle channel is greater than or equal to the co-channel interference of the occupied channel.
Proof: When at the NE point, we denote the channel occupied by cognitive n as a * n ∈ A n , one of the arbitrary channels that no one user occupies is denoted as a n ∈ A n . According to the conclusion of theorem 4, we have I (a * n ) ≤ I (a n ). Two or more cognitive users may simultaneously use channel a * n , so there will be interference between cognitive users on channel a * n , i.e., i∈F n( a * n ) p i g in ≥ 0. However, there is no interference among cognitive users on channel a n . When the cognitive user n unilaterally changes the channel from a * n to a n , there is still no interference between cognitive users on the channel a n , because there is only user n on the channel. Therefore, we have i∈F n( a * n )
Assume by contradiction that: I (a * n ) > I (a n ), which leads to i∈F n (a * n ) p i g in + I (a * n ) > i∈F n (a n ) p i g in + I (a n ).
Thus, we have u n (a * n , a n ) = B log   1 + p n g nn k∈F n (a * n )
Undoubtedly, to increase its own utility, player n ∈ N will definitively choose the unoccupied channel a n ∈ A n , which contradicts the fact that the cognitive n selects the channel a * n ∈ A n when at the NE point. Therefore, it can be concluded that, at NE point, the co-channel interference from the downlink signals of a multi-beam satellite system to the idle channel is greater than or equal to the co-channel interference of the occupied channel.
Theorem 4 indicates that when there are multiple available channels, terrestrial cognitive users tend to choose better quality channels, which is consistent with our intuitive understanding.
Theorem 5: For any network topology and spectrum opportunity, the aggregated interference experienced by all the terrestrial cognitive users at any NE point is bounded by U 0 + N i∈M I (i) M , where U 0 = n∈N i∈N ,i =n p i g in refers to the aggregated interference between all terrestrial cognitive users when they select the same channel.
Proof: The utility function of user n can be expressed as u n (a n , a −n ) = B log 1 + p n g nn J (a n , a −n ) + σ n ,
where J (a n , a −n ) = i∈F n (a n ) p i g in + j∈K n p j g jn is the sum of the co-channel interference that user n experiences from downlink signals of other satellite beams and from other terrestrial cognitive users.
According to the definition of NE in (7), for any pure NE point a * 1 , a * 2 , · · · a * N , the following inequality holds: u n (a * n , a * −n ) ≥ u n (a n , a * −n ) ∀n ∈ N , a n ∈ A n . (32) It is easy to see that u n (a n , a −n ) is the monotonically increasing function of J (a n , a −n ), we have J n (a * n , a * −n ) ≤ J n (a n , a * −n ) ∀n ∈ N , a n ∈ A n . (33) Summing the two-sides of equation (33) to obtain the following inequality.
|A n | J n (a * n , a * −n ) ≤ a n ∈A n J n (a n , a * −n ) ∀n ∈ N , a n ∈ A n ,
where |A n | = M is the number of the available channels for terrestrial cognitive users. Thus, we have J n (a * n , a * −n ) ≤ a n ∈A n J n (a n , a * −n ) M = a n ∈A n i∈F n (a n ) p i g in + a n ∈A n j∈K n p j g jn M .
Note that a n ∈A n j∈K n p j g jk represents aggregated interference from the downlink signals of multi-beam satellite system to the cognitive users on all available channels, thus, we have a n ∈A n j∈K n p j g jk = i∈M I (i).
a n ∈A n i∈F n (a n ) p i g in corresponds to interference experienced by user n in the following virtual scenario, that is, VOLUME 7, 2019 the interference received when other cognitive users select the current channel and the user n selects all channels simultaneously. Thus, we have a n ∈A n i∈F n (a n )
Combing (35)-(37), we can get
Accordingly, the aggregated interference experienced by all the cognitive users at the NE point is bounded by
where U 0 = n∈N i∈N ,i =n p i g in represents the total interference between cognitive users when all users select the same channel. Theorem 5 characterizes the upper bound of the aggregated interference at any NE point. Theorem 5 shows that there are four approaches to reduce the aggregated interference of the system: i) increase the number of available channels, ii) reduce the number of cognitive users, iii) reduce U, which can be achieved by increasing the distance between cognitive users, iv) the interference of the multi-beam downlink signal to the cognitive user is as small as possible. It is worth noting that when other factors remain the same, the aggregate interference of the system increases as the number of cognitive users increases. But for the total capacity, this is not always the case, as we will discuss in Section V.
IV. DISTRIBUTED LEARNING FOR ACHIEVING NASH EQUILIBRIUM
Although we have ensured the existence of pure NE in the spectrum access and power control game, a distributed learning algorithm is desirable to achieve the pure NE. The learning algorithm preferably meet the following two requirements: 1) fully distributed, derived from the needs of distributed decision-making, 2) convergence to an effective Nash equilibrium is desirable. Conventional algorithms in the game community, e.g., better(best) response [34] and spatial adaptation [35] need information exchange among the cognitive users. No-regret learning [33] and stochasticlearning automata [31] converge to the local optimum. To satisfy the above two requirement simultaneously, we resort to trial and error learning algorithm [36] , [37] , which is fully distributed and statistically converges to the best NE (efficient NE). However, to satisfy the convergence conditions of the algorithm, it is necessary to design the coefficients based on the value of the utility function that are measured multiple times. But sometimes the value of the utility function is unknown in advance and varies greatly, which makes it difficult to determine the coefficients, and even makes the design of the coefficients impossible. In this section, based on the TE algorithm, we propose a distributed learningbased spectrum access algorithm. In view of the limitations of the TE algorithm, we propose an improved TE algorithm and corresponding improved learning-based spectrum access algorithm. It is worth noting that the improved learningbased spectrum access algorithm simplifies the selection of coefficients and is more useful in practical scenarios.
A. LEARNING-BASED SPECTRUM ACCESS ALGORITHM
The TE algorithm runs iteratively, in which the triplet state determines strategy selection. At iteration t − 1, the state of player i is a triplet:
is the user i's mood: content(C), hopeful(C+), watchful(C−), discontent(D), which indicates user i's strategy search rule at the next iteration. a i (t − 1) and u i (t − 1) are its benchmark action and benchmark reward at iteration t −1 respectively. At iteration t, each play i ∈ N observes m i (t − 1), takes action a i (t), and receive reward u i (t). By comparing the value of the utility function u i (t) and u i (t − 1), the triplet at iteration t is determined. The detail of the learning-based spectrum access algorithm is listed in algorithm 1.
In the algorithm, G(x) and F(x) are strictly decreasing functions, which denote the probability of accepting the outcome of an experiment. According to [36] , [37] , they have the general forms:
the coefficient α i , β i are set to bound the two probabilities
B. IMPROVED ALGORITHM Note that the coefficients α i , β i must be set carefully to satisfy the constraint shown in (42) so that the algorithm could achieve convergence. However, in practical applications, we often do not know the value range of utility functions beforehand, which bring difficulties to the setting of the coefficients. If we don't set them correctly, they may not satisfy the constraint shown in (42), which may lead to unpredictable consequences. To the best of our knowledge, all the existing studies are based on experience and a large number of experiments to determine the coefficients [37] , [38] . It is impractical, especially when the external environment changes, such as the channel conditions, the number of cognitive users, etc. To overcome this limitation, we need to define new forms of functions G( u i ) and F(u i (t)). It is noted from (40) (41) that G( u i ) decreases as u i increases, and F(u i (t)) decreases as u i (t) increases. Inspired by these Algorithm 1 Learning-Based Spectrum Access Algorithm 1: Initialization: Set t = 1, ∀i ∈ N , cognitive user i randomly chooses a channel a i (1) from the available channel set A n and get its reward u i (1) . The initial triple state is set to {m i (1) = C, a i (1) = a i (1), u i (1) = u i (1)}. 2: Loop for t = 2, 3, · · · , each user i observes the triple state {m i (t − 1), a i (t − 1), u i (t − 1)}, and updates its strategy and state according to following rules.
3:
Switch m i (t − 1)
4:
Case C: At iteration t, randomly generate a number η between 0 and 1.
5:
If ε ≤ η, an experiment happens, the choice of a i (t) is determined by a uniform random distribution from the set A i \a i (t − 1). By observing u i (t), the state updating rule is: 6 : 1) ) , the state unchanged. The function G(x) will be illustrated in the text.
7:
Else, i's state remains unchanged.
8:
End If

9:
Else: The cognitive user i does not experiment. By observing u i (t), the state updating rule is: 10 :
Else, the state remains unchanged. 13 :
End If
14:
End If
15:
Case C+: At iteration t, player i remains the strategy unchanged. By observing u i (t), the state updating rule is: 16: If u i (t) ≥ u i (t − 1), it transmits to the state {C, a i (t − 1), u i (t − 1)}; 17: Else, it transmits to the state {C−, a i (t − 1), u k (t − 1)}. 18 :
End If
19:
Case C−: At iteration t, player i remains the strategy unchanged. By observing u i (t), the state ing rule is: 20: If u i (t) > u i (t − 1), it transmits to the state
Else, it transmits to the state {D, a i (t − 1), u k (t − 1)}.
22:
23:
Case D: At iteration t, the choice of i is determined by a uniform random distribution from the set A i and it observes the value of its utility function u i (t). With probability F(u i (t) , it transmit to the new state {C, a i (t), u i (t)}; otherwise, the state unchanged. The function G(x) will be illustrated in the text.
24:
End Switch 25: End Loop properties, the new forms of G( u i ) and F(u i (t)) are defined by G ( u i ) and F (u i (t)) respectively.
Lemma 2: The new functions F (u i (t)) and G ( u i ) satisfy the constrains: 0 < G ( u i ) < 1 2 and 0 < F (u i (t)) < 1 2N Proof: Equations (43) and (44) can also be written as
Without loss of generality, we assume that u i (t) > 0 and u i (t − 1) > 0, it can be easily concluded that:
Therefore, we have 0 < G ( u i ) < 1 2, and 0 < F (u i (t)) < 1/(2N ). It can be seen from (43), (44) that there is no need to determine the coefficients α i and β i based on numerous experiments. Theorm 6: If all the cognitive users follow the improved learning-based spectrum access algorithm with a sufficiently small step size , there exists a δ, such that a pure NE point that maximizes the sum of the utility functions among all pure NE points is played (1 − δ) fraction of the time.
Proof: In [38] , the authors proved that with a sufficiently small step size ε and monotone decreasing acceptance functions F(u i (t)) and G( u i ) satisfying the bounds (42), the NE with the highest social welfare is played during (1 − δ) fraction of the time. From (43), It can be seen that, G ( u i ) decreases as u i increases and F(u i (t)) decreases as u i (t) increases. The second step is to make sure the function G ( u i ) and the function F (u i (t)) always satisfy the constraints (42), which has been proved in lemma 2. Combining the above two steps completes the proof.
V. SIMULATION RESULTS AND BEHAVIOR
We consider a multibeam-based cognitive satellite communication scenario. The terrestrial cognitive users share the downlink spectrum band of the satellite communication system. The terrestrial cognitive users are located in a square area of 400m × 400m, and we consider three scenarios, that is, in the same area, the number of cognitive users is N = 4, 6 and 8. The number of available channels is M = 4. The distance between AP (access point) n and its associated boundary user is d n = 20m. The path loss between cognitive users is L = 115.36 + 20 lg d(km) + 22.92, which is calculated through the ideal attenuation formula L = 92.44 + 20 lg d (km) + 20 lg f (Ghz), the frequency here is set to be 14 Ghz. Figure 2 shows the scenario of eight cognitive users. To meet the convergence conditions, the coefficients α 1 ,α 2 , β 1 and β 2 vary with the application scenarios. For ease of comparison, α 2 and β 2 follow the the setting given in [38] , i.e., α 2 = 0.2 N , β 2 = 0.2, α 1 and β 1 can be calculated by α 1 = α 2 max(u) and β 1 = 0.2 max( u) respectively to satisfy the constraints in (42). In our improved algorithm, there is no need to set β 1 , β 2 , α 1 and α 2 , G ( u i ) and F (u i (t)) can be directly calculated through (43) (44).
A. CONVERGENCE BEHAVIOR
In this subsection, we evaluate the convergence behavior of the learning-based spectrum access algorithm and the improved one, as shown in Fig.3-Fig.5 . The learning-based spectrum access algorithm statistically converges to the pure NE that maximizes the sum of the utility functions. Unlike traditional learning algorithm, the statistically convergence here means that it convergences to a particular action profile that remains unchanged for a long time. It may still deviate from the best NE with a small probability until it reaches the best pure NT again, continually looping. Fig.3 shows the comparison results of the fraction of time being at the best NT point when increasing the number of cognitive users, the parameter is = 0.005. Figure 3 indicates that as the number of cognitive users increases, the fraction of time of being at best pure NE point decreases. It is because that as the number of cognitive users increases, the strategy space also increases. Figure 4 shows that for a given M and N , the parameter is a critical factor that affects the stability of the system and the likelihood of the system of being at best pure NE point. When the parameter is smaller, it can contribute a more significant proportion of time of achieving the best NE point, but it takes longer convergence time. Fig.5 shows a comparison of the probabilities of selecting each channel for each cognitive user when using the learningbased spectrum access algorithm and the improved algorithm, respectively. For illustration purposes, we assume that the quality of channels from channel 1 to channel 4 deteriorates gradually and that there are three cognitive users and four free channels in a square area of 400m × 400m. The noise power plus co-channel interference from multi-beam satellite communication system for each available channel is set to [-96dBm -93dBm -90dBm -88dBm] respectively. The transmit power for each cognitive user is set to [1000mW 600mW 400mW] respectively. By observing the channel selection of each cognitive user after 5000 iterations and performing 100 experiments independently, we calculate the probability of each cognitive user selecting each channel, as shown in Fig.5 . It indicates that the cognitive users tend to choose channels with good quality when N < M . Moreover, when using both original and improved algorithms, cognitive users with high transmission power tend to choose channels with good quality. The reason is that the TE algorithm statistically converges to the pure NE that maximizes the sum of utility functions among all the equilibrium points.
As can be seen in Fig.3-Fig.5 , the improved learning-based spectrum access algorithm can converge to the stability of the system more quickly, and its fraction of time of being at best pure NE is higher. Intuitively, the learning-based distributed spectrum access algorithm reflects the change in the utility function by the difference between u i (t) and u i (t − 1). This change is carried out linearly, while the improved algorithm reflects this change by the ratio, which can be easily seen from (43),(44). Generally speaking, the improved algorithm can better reflect the change characteristics than the original algorithm.
B. PERFORMANCE METRICS
In this subsection, we investigate the convergence speed of the learning-based spectrum access algorithm and the improved algorithm, as shown in Fig. 6 and Fig.7 . The convergence speed is reflected by the average satisfaction and the average time required to reach the best pure NT for the first time. The noise power plus the co-channel interference from the multi-beam satellite communication system for each channel is set to be [−90dBm − 93dBm − 96dBm − 96dBm], respectively, and the transmit power of each cognitive user is randomly chosen from the set {200 400 600 800}mW . The results of the algorithms are obtained by independently simulating 200 trials and taking the average results. Fig.6 shows the average satisfaction of the algorithm, indicating that both the improved learning algorithm and the original learning algorithm can achieve full satisfaction. It is worth noting that a larger value of allows the user to achieve a satisfactory state faster. However, the user will also deviate from the satisfaction state with a higher probability. Fig.7 shows the expected first time to reach the best NE point versus the parameter ε. It can be seen that when the number of users increases, the average first time to reach the best pure NE increases. It is because that with the rise of the number of cognitive users, the strategy space of cognitive users is also increasing rapidly, which inevitably increases the search time. We can also see that the average first time to reach the pure NE increases as decreases. Besides, the improved learning algorithm can reach the best pure NE faster.
C. THROUGHPUT PERFORMANCE
In this subsection, we evaluate the throughput performance. For comparison, we consider the other three approaches: optimal, best NE, worst NE. i) Optimal: by assuming that there is a centralized controller, we obtain the optimal solution of the combinatorial optimization problem by exhaustive search. ii) best NE and worst NE: by assuming there is information exchange among cognitive users, the best response was applied to achieve pure NE, of which the best one and the worst one was chosen as the best NE and worst NE, respectively. Fig.8 and Fig.9 show the comparison of the expected system throughput in square area 400m×400m and 200m×200m respectively. The number of available channel is set to be 4, the noise power plus the co-channel interference from the multi-beam satellite communication system for each channel is set to be [−90dBm − 93dBm − 96dBm − 96dBm], respectively. For presentation, the transmit power of each cognitive user is randomly chosen from the set {200 400 600 800}mW . Due to the random distribution of cognitive users, we simulate 100 trials for different network topologies to evaluate the average throughput performance.
As can be seen from Fig.8 , in the relatively large square area (400m × 400m), as the number of terrestrial cognitive users increases, the expected average throughput increases, but the growth rate slows down. The reason is that the mutual interference increases due to the increases in the number of cognitive users. However, in Fig.9 , in a smaller square area (150m × 150m), it presents a different pattern of change. As the number of cognitive users increases, the throughput of the system decreases firstly and then increases. The reason is that in a smaller area, there will be greater interference between cognitive users. Although the number of cognitive users increase, the increase in throughput caused by new cognitive users may be less than the interference caused by them. Interestingly, when the number of users is 4, the network throughput reaches a maximum, which largely corresponds to the situation where there is no interference, and each cognitive user selects a different communication to communicate. Fig.10 shows the comparison of the expected system throughput when increasing the number of idle channels in a special square area 400m × 400m. When M < N , as the number of idle channels increases, the system throughput increases. The reason is that the strategy space becomes larger, and they tend to select a channel combination with less interference. When M ≥ N , as the number of idle channels increases, the network throughput hardly changes. The reason is that when M > N , users tend to choose channels with better channel quality. If the quality of the newly added available channel is better than that of the selected channel, the user will choose the new channel to replace the selected channel, and the system throughput will increase. Conversely, network capacity does not change when the newly added available channel is inferior to the selected channel.
As can be seen from Fig. 7 to Fig.9 , the improved learning algorithm performs better in terms of network throughput than the original algorithm. The best NE is almost identical to the optimal solution, and our solution is close to the best NE.
To summarize, the best NE is almost the same with the optimal solution, which validates the game-theoretic approach. The solution of the improved learning algorithm is close to the best NE, which confirms the effectiveness of the improved algorithm. The improved algorithm does not need to determine coefficients in advance based on a large number of experimental results, which will broaden the application range of TE algorithm. Besides, the proposed algorithm is also wholly distributed and uncoupled.
VI. CONCLUSION
In this paper, we investigated the problem of channel selection and power control for Multibeam-based cognitive satellite network. Cognitive users not only interfere with each other but also suffer from co-channel interference from the multibeam satellite communication system, which results in the quality difference of the idle channels. Firstly, we formulated the problem as a non-cooperative game, which was proved to be an exact potential game. The Sufficient conditions for non-interference among terrestrial cognitive users were given, and the performance bound of the aggregation interference experienced by all cognitive users was deduced theoretically. Then, based on the TE algorithm, we proposed a fully distributed learning-based spectrum access algorithm to converge to the best pure NT statistically. Besides, we proposed an improved trial-and-error algorithm and corresponding learning-based spectrum access algorithm, which not only simplifies the design of coefficients but also improves the convergence performance. The simulation results show the effectiveness of the algorithm.
DAOXING GUO received the B.S., M.S., and Ph.D. degrees from the Institute of Communications Engineering (ICE), Nanjing, China, in 1995, 1999, and 2002, respectively. He is currently a Full Professor and a Ph.D. Supervisor with the College of Communications Engineering, Army Engineering University of PLA. He has authored and coauthored more than 40 conference and journal articles and has been granted over 20 patents in his research areas. He has served as a reviewer for several journals in communication field. His current research interests include satellite communications systems and transmission technologies, communication anti-jamming technologies, and communication anti-interception technologies, including physical layer security.
BANGNING ZHANG received the B.S. and M.S. degrees from the Institute of Communications Engineering (ICE), Nanjing, China, in 1984 and 1987, respectively. He is currently a Full Professor and a Ph.D. Supervisor with the College of Communications Engineering, Army Engineering University of PLA. He has authored and coauthored more than 80 conference and journal articles and has been granted over 20 patents in his research areas. He has served as a reviewer for several journals in communication field. His current research interests include communication anti-jamming technologies, microwave technologies, satellite communications systems, cooperative communications, and physical layer security.
LULIANG JIA received the M.S. and Ph.D. degrees in communications and information systems from the College of Communications Engineering, PLA University of Science and Technology, in 2014 and 2018, respectively. He is currently an Assistant Professor with the School of Space Information, Space Engineering University, Beijing, China. His research interests include game theory, learning theory, and communication anti-jamming technology.
XINHAI TONG received the M.S. and Ph.D. degrees from the Institute of Communications Engineering, Nanjing, China, in 1995, 1998, and 2001, respectively. He is currently a Full Professor with the college of Communications Engineering, Army Engineering University of PLA. He has authored or coauthored over 30 conference and journals in his research interests include satellite communication systems, mobile communication systems, signal processing, and channel coding.
